The widespread adoption of digital e-learning environments and other learning technology has provided researchers with ready access to large quantities of data. Much of this data comes from discussion forums and has been studied with analytical methods drawn from social network analysis. However, within this large body of research there exists considerable variation in the definition of what constitutes a social tie, and the consequences of this choice are rarely described or examined. This paper presents findings from two distinct learning environments regarding different social tie extraction methods and their influence on the structural and statistical properties of the induced networks, and the association between measures of centrality and academic performance. Our findings indicate that social tie definitions play an important role in shaping the results of our analyses. The primary purpose of this paper is to raise awareness of the consequences that such methodological choices may have, and to promote transparency in future research.
Introduction
Research into learning analytics has garnered much attention for its potential impact upon a number of central issues in education. For instance, the identification of learning strategies (Jovanović, Gašević, Dawson, Pardo, & Mirriahi, 2017) , the prediction of academic success (Gašević, Dawson, Rogers, & Gasevic, 2016) , and the provision of personalized feedback at scale (Pardo, Jovanović, Dawson, & Gašević, in press) , to name a few. While this field of research promises much, the spectre of validity looms large, and many of the most frequently relied upon measures have not been subjected to robust validation. A pertinent example of this is time-on-task, the estimation of which was rarely discussed in the literature. Instead, researchers would often opt for a heuristic approach such as limiting session activity to a defined time period (Ba-Omar, Petrounias, & Anwar, 2007; Munk & Drlík, 2011) . However, there was little consideration of the consequences such
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SNA and Discussion Forums
The analysis of discussion forums, particularly Massive Open Online Course (MOOC) discussion forums, has received considerable attention in recent years. In this body of research, SNA has proven to be a powerful tool in extracting patterns of connections between learners, exploring their relationship with learning, and generating understanding about the underlying relational structure of a community across a variety of contexts. In particular, the emergence of MOOCs has provided ample opportunity for the application of SNA methods (Gašević, Kovanović, Joksimović, & Siemens, 2014; De Laat & Prinsen, 2014) . Given the increasing number of students enrolling in MOOCs (Jordan, 2015) , SNA has become an increasingly adopted tool for visualizing and extracting interaction patterns from social learning activities (Dowell et al., 2015; Jiang, Fitzhugh, & Warschauer, 2014) , as well as for investigating the association of network centrality with constructs such as academic performance (Joksimović et al., 2016; Schreurs, Teplovs, Ferguson, de Laat, & Buckingham Shum, 2013; , sense of community (Dawson, 2008) , social presence (Kovanović, Joksimović, Gašević, & Hatala, 2014) , and creative potential (Dawson, Tan, & McWilliam, 2011) . There is considerable heterogeneity in how learners interact with the discussion forum. Gillani and colleagues Gillani, Yasseri, Eynon, & Hjorth, 2014) , for example, analyzed forum users on the basis of co-participation in the same threads, and found that the coherence of the network mainly depends on a small set of central users. Rather than a close-knit community, forum users may be more accurately characterized as a loosely connected crowd. Poquet and Dawson (2016) explicitly analyzed different user groups, and found that regular users form a denser, more centralized network as they have more opportunities to establish connections. Further work by Boroujeni, Hecking, Hoppe, and Dillenbourg (2017) confirmed that membership of these groups remains stable over time. However, there is more to discussion forums than structure alone; Wise and Cui (2018) distinguished between discussions that were related to course material and those that were not. They found that students who made both content and non-content related posts had a higher passing rate than those who only contributed to one type. Furthermore, those who contributed to content-related threads performed slightly better than those who did not.
The results of these analyses, however, have not always been consistent. For instance, Joksimović et al. (2016) investigated the factors that influence social connections in two instances of a MOOC, offered in English and Spanish, that taught students how to program. Ties were extracted on the basis of direct reply from an online discussion forum. In examining the association between centrality degree, closeness, betweenness, and academic performance, the authors found weighted degree was significantly associated only in the English offering, while the effects of betweenness and closeness were only found in the Spanish offering. Furthermore, the authors found evidence of performance-based homophily, indicating that learners tend to talk to those in the same performance group as themselves. Another study, by Jiang et al. (2014) , also investigated the associations between social centrality and academic performance. Their study was conducted on two MOOCs in algebra and finance, and ties were extracted via co-presence in a thread, that is, on the basis of shared activity and participation in the discussion. While degree and betweenness were positively correlated with academic performance in the algebra course, no significant correlation was found between any centrality measure and academic performance in the finance course. In further contradiction of Joksimović's findings, the authors found that students tend to talk to those in different performance groups than themselves.
The findings of these two studies are largely inconsistent; a discrepancy which may in part be attributed to methodological differences. For instance, Joksimović et al. (2016) , hypothesize that the association between academic assessment and network centrality measures was moderated by the presence of Simmelian ties (Krackhardt, 1998 (Krackhardt, , 1999 . In lieu of such a hypothesis, Jiang and colleagues' (2014) methodology did not consider the presence of a Simmelian influence. In this case and others, researchers have used different methods to extract social ties yet the effects on those extractions are rarely studied. While in the case of these two studies, the effects of tie extraction methods are studied in connection with the association between network centrality and academic performance, the same methodological oversight may be found regarding other constructs and hypotheses. Moreover, not all research into networked learning has relied upon MOOCs (Cho, Gay, Davidson, & Ingraffea, 2007; Dado & Bodemer, 2017) and, in investigating how social tie extraction methods impact upon the structures and statistical properties of networks, there is scope for a comparison between networks extracted from MOOCs and other, more formal educational contexts.
Network Processes and Exponential Random Graph Models
Studies that apply SNA methods rely upon mathematical models to describe relationships between variables, to reveal important characteristics, and to identify processes within the social network (Carrington, Scott, & Wasserman, 2005; Goodreau, Kitts, & Morris, 2009 ). For instance, descriptive models enable us to identify whether or not reciprocity exists within a given network. However, to understand whether or not such processes occur more often than expected if ties were generated randomly, we must rely on statistical models (Goodreau et al., 2009) . One commonly proposed method is the Exponential Random Graph Model (ERGM; Joksimović et al., 2016; DuBois, Butts, & Smyth, 2013) .
Introduced by Frank and Strauss (1986) and Wasserman and Pattison (1996) , ERGMs belong to a family of probability models that allow for generalizable inferences over the structural foundations of social behavioural patterns within networks Robins, Pattison, Kalish, & Lusher 2007) . ERGMs treat network ties as random variables, and model the overall network structure through a set of local network processes, such as triadic closure, mutuality, or transitivity (Robins et al., 2007) . The model assumes each tie within these processes is conditionally dependent, indicating that "empirical network ties do not form at random, but they self-organize into various patterns arising from underlying social processes" (Wang, Robins, Pattison, & Lazega, 2013, p. 3) .
Though ERGMs have long been successfully applied in other fields, their application to the structural analysis of forum networks is relatively novel (e.g., Poquet & Dawson, 2016; Kellogg, Booth, & Oliver, 2014; Joksimović et al., 2016; Zhu et al., 2016) . In general, these results have revealed a reciprocal tie effect within networks, and a lack of network centralization beyond a few influential nodes. For instance, Kellogg et al. (2014) used ERGMs to provide a more comprehensive understanding of the dynamic processes underpinning peer support learning in MOOCs. The authors used both descriptive and statistical methods and found a strong and significant reciprocity effect, indicating that students are more likely to aid their peers when there is prior evidence of reciprocity. In a more recent study, Joksimović et al. (2016) utilized ERGMs to determine whether network social dynamics, such as Simmelian ties, have an impact on the predictive power of network positions. The study found that incorporating both descriptive and statistical models allowed for more nuanced and contextually salient inferences about learning within a network. Poquet, Dawson, & Dowell (2017) found that different facilitation, or pedagogical, approaches mediated the extent of reciprocity. That is, while direct reciprocal ties were characteristic of non-facilitated forums, triadic reciprocal ties were more prominent in forums with a high degree of facilitation (that is, instructor involvement).
While statistical models such as ERGMs have facilitated much valuable research and provided considerable insight into network processes, the literature has neglected research into whether and, if so, to what extent network processes and statistical properties are influenced by variations in the tie definitions that underpin them.
Social Tie Definitions
Research into SNA and, in particular, SNA studies of MOOCs have relied upon a variety of definitions to construct social ties. While some authors (e.g., Joksimović et al., 2016; Kellogg et al., 2014) defined ties on the basis of direct replies, others (e.g., and Jiang et al., 2014) have relied on co-presence. As the basis of any SNA analysis, tie definition is crucial and each definition carries with it a set of assumptions about the nature of social interactions. In the literature, this theoretical oversight remains largely unaddressed and studies often establish a tie definition with no explanation or rationale. Even when one is provided, each decision often carries its own shortcomings. For instance, Gruzd & Haythornthwaite (2008) consider three potential tie definitions and note that each makes specific assumptions about the nature of social interactions that may not hold.
In a study of MOOC forums, Wise, Cui, and Jin (2017) investigated the impact of different tie definitions on social network structures and the resultant characteristics at the network, community, and individual node level. While their study found that network properties were characterized by a limited sensitivity to differences in tie definitions, their analysis was limited to descriptive statistics and did not consider the statistical properties of networks, such as the propensity for reciprocity or homophilic ties. Accordingly, there is scope for an investigation into how different tie definitions relate to differences in the statistical properties of networks and the interpretation of such social networks.
Social tie definitions can typically be classified into two distinct types: those that interpret a tie as created when an individual speaks to another, and those that extract ties on the basis of co-participation within a discussion. Perhaps the most prevalent and straightforward of the former is Direct Reply. Under this rubric, a tie is constructed when there is a reply relationship between two nodes in the same thread. For instance, between the starter of a thread and the author of a reply post addressed to it, or between the author of a reply post and the author of a reply to that reply. While this definition has been widely used (see Joksimović et al., 2016; Kellogg et al., 2014) there is no guarantee that users will opt for the correct location and level of post, nor that the platform itself will support a sufficiently rich reply structure. For instance, in one popular platform for online discussions, Piazza, only three levels of post are supported: post, reply, and reply to a reply. If a poster wishes to reply to a "reply to a reply" post, it is logged as another "reply to a reply" post. In building a network, a Direct Reply tie definition would link this new post to the "reply" post rather than the "reply to a reply" post to which it was originally intended to address (see Figure 1) . Accordingly, the extent to which the reply structure thus derived reflects the actual relations among learners is open to question. To address such concerns, Zhu and colleagues (2016) proposed the Star Reply tie definition. While Direct Reply considers multiple levels of replies and defines ties as connections across levels, Star Reply does away with reply structures and considers all posts within a thread as tied to the thread starter. The justification for this is that even if a reply post does not directly address the thread starter, it was made in the context of the discussion originated by the thread starter. While Star Reply emphasizes the thread starter, it fails to distinguish between different levels of replies and does not consider connections formed between posters within the same thread. To address this, Direct Star (Gruzd & Haythornthwaite, 2008) amalgamates the two and defines ties across different levels within a reply structure on the basis of Direct Reply, while also linking posts within a discussion back to the thread starter. However, the methods thus far identified strictly emphasize the act of speaking to another individual. Within a thread, a prospective poster may read much of the existing discussion before penning their own reply. Accordingly, defining ties on the basis of speaking contact alone overlooks the interactions between individuals who do not speak directly, but share an interest and an awareness of each other within the same thread.
Tie definitions of the second type -those based on co-participation within a discussion -seek to address this issue by creating a network of co-presence across nodes. Within such a network, a tie is defined as being present in the same part of the discussion; there is no necessity for direct interaction. Ties are thus created without regard for the reply structure present in a discussion: connections are formed both between a parent node (post) and its children (replies to it), and between the children themselves. Accordingly, this type of tie definition represents online discussions not as strict hierarchies but as collective conversations.
Within this type of tie definition, a common approach is that of total co-presence, where any two nodes in the same thread are connected, regardless of post type (Gruzd & Haythornthwaite, 2008) . While this is often used to map interaction, in the case of large threads it can prove problematic. In the case of small threads, linking all individuals as part of a collective discussion might be reasonable, however, this assumption becomes implausible when the number of replies is very large. One way to address this problem, proposed by Wise and colleagues (2017) is to set a cap on the reasonable number of posts in the same thread to create a measure of limited co-presence. Beyond this threshold, all posts within subthreads are connected to all other posts within that subthread, and the thread starter.
An alternative method of assessing co-participation that has been largely unexplored is that of viewing ties as contained within a moving window. Within a large thread, a prospective poster may only attend to recent posts in framing their reply and so the collective conversation of which they are part is defined as some subset of the overall thread. A moving window, defined as some number of posts, moves sequentially over a thread and, at every step, all posts within the window are connected. This approach ignores the hierarchical structure of a discussion and instead emphasizes each post as being part of a temporally defined, collective discussion. However, there is no a priori rationale for choosing one window size over another, and different sizes may lead to a variety of different conclusions.
While each tie definition carries with it a set of assumptions about the nature of social interaction, in the literature little heed was paid to this, and extraction methods may instead be chosen on the basis of expediency, such as whichever structure is readily permitted by the discussion platform. Furthermore, there has been little research into the impact that variations in tie definitions have, both on the statistical properties of networks and on the association between network centrality metrics and academic performance.
Study Framing
In this study, we examine the effects that different social tie definitions have on the structural and statistical properties of the derived networks. These range from network-level properties such as reciprocity to individual properties, such as the association between metrics of centrality and academic performance. To validate our results, our analysis is applied in two separate contexts: a blended learning environment and a MOOC. The importance of doing so is two-fold: on the one hand, it provides a glimpse into how differences in learning contexts may impact upon social interaction. On the other, the two contexts allow us to assess the construct validity of tie definitions by measuring their impact on the structural and statistical properties of the resultant networks. The paucity of existing research into whether network construction choices determine network properties motivates our two research questions: RQ1: Do differences in tie formation mechanisms determine the statistical properties of networks across different learning contexts? RQ2: Do differences in tie formation mechanisms affect the association between social centrality and academic performance across different learning contexts?
Method
Data Sources
This study analyzed forum discussions from two separate courses. The first dataset comes from a flipped classroom, firstyear engineering course at an Australian higher education institution offered in 2016. The course, called Introduction to Computer Systems (ICS), lasted 13 weeks and, of a total enrollment of 477 students, 227 students participated in the discussion forum. The flipped classroom design was composed of two elements: a set of online resources intended to be completed in preparation for the plenary session (the lecture), and the re-framing of the plenary session to embrace an active learning design requiring student preparation and participation in collaborative problem-solving tasks (Lage, Platt, & Tregua, 2000; .
The second dataset comes from a course called Code Yourself! (CY), which was delivered on the Coursera platform in 2015. The MOOC was designed to introduce teenagers to computer programming, while covering basic topics in software engineering and computational thinking. The course lasted five weeks and, of a total enrollment of 59,900 students, discussion forum data was available for 1,421 students. The content consisted of lecture videos, quizzes, and peer-assessed programming projects. If students scored at least 50% in their coursework, they were deemed to have passed, while a distinction was awarded to students receiving a score of 75% or more.
Participation in the discussion forum was not required in either course. Forum activity in ICS consisted of 536 threads, comprised of 1,115 posts. Activity in CY, by contrast, consisted of 774 threads, comprised of 5,950 posts. Summary statistics of the two forums are provided in Table 1 . The courses were selected to provide two disparate learning contexts for assessing the construct validity of typical SNA methods. In particular, the two courses exhibit drastic differences regarding structure: while ICS is a blended learning environment where the students are likely to have offline connections not captured by the discussion forum, CY is a MOOC where students are likely to interact solely through the discussion forum. This difference is particularly salient since ICS involves offline, collaborative problem solving. Furthermore, ICS is considerably longer, lasting 13 weeks compared to just five for CY. Pedagogy also differs: in ICS, instructors mediate and interact with students in the forum, with the intention of prompting in-depth discussion of the relevant concepts. By contrast, no such mediation exists in CY. These differences and others frame two different contexts and are essential for understanding and interpreting the different social relationships that arise within them.
Tie Extraction
Ties were extracted using the six tie definitions. Self-ties were excluded in all cases.
Direct Reply Ties (Figure 2.1):
The author of each post was connected with the author of its parent post. Concretely, for each thread in the discussion forum and each post within each thread, if a post was either an instructor answer, a student answer, or a level-two post (that is, a reply to a thread starter), a tie was created from the level-two poster to the thread starter. However, if a post was classified as a level-three post (a reply to a level-two post), a tie was created from the levelthree poster to the author of the parent level-two post (to which the post was directed).
Star Reply Ties (Figure 2.2):
The author of each level-two and level-three post was connected with the author of the thread starting post. To be more concrete, for each thread in the discussion forum, the thread starter was identified and, for each post in the thread, a tie was created from the poster to the thread starter.
Direct Reply & Star Ties (Figure 2. 3): Ties defined in both Direct Reply and Star Reply were included but the same tie was never counted more than once. Specifically, for each thread in the discussion forum and each post within each thread, if the post was an instructor answer, a student answer, or a level-two post, a tie was created from the poster to the thread starter. In the case of level-three post, a tie was created from the level-three poster to the level-two poster and, if they were not one and the same person, the thread starter too.
Total Co-presence (Figure 2.4): All authors in the same thread were connected with each other. In this case, ties are considered to be undirected.
Limited Co-presence (Figure 2.5): All users in small threads (<5 replies) were connected to each other with undirected ties; in larger threads users were connected to all other users in their sub-thread and the thread starter only. For threads of five or more posts, if a post was a level-two post (a reply to a thread starter) the level-two poster was connected to the thread starter. However, if level-three posts exist (posts replying to a level-two post), then each level-three post was linked to each other, the level-two post, and the thread starter. All posts within a moving window of size N were connected to each other. Concretely, for each thread in the discussion forum, if the number of posts within a thread was less than N, then a tie was created between each post. Otherwise, starting from the first post, the first N posts are selected, and an undirected tie was created between each post, then the window moved to the second post and the next N posts were selected and ties created. This process repeated until the window reached the end of the thread. In this study we investigated windows of sizes two through five.
Given our definitions, each type of social tie resulted in the number of connections as show in Table 2 . 4. Analysis
Social Network Analysis
To address our research questions, networks were extracted for the two courses in accordance with the six tie definitions. Social network analysis was then conducted across all networks in two complementary phases: structural and statistical network analysis. Our analysis of the networks' structural features relied on some of the most commonly used node-level SNA metrics to characterize centrality, including degree, closeness, betweenness, and eigenvector centrality. Degree centrality captures the local structure surrounding the node, and indicates the number of connections (in-and out-going for reply-based networks) a node has (Freeman, 1979) . For this reason, degree is often considered a measure of popularity (Carrington et al., 2005) . Closeness centrality measures the distance of a given node to all other nodes in a network (Freeman, 1979) and so can be viewed as a measure of each node's potential to connect with other nodes. Betweenness measures the number of shortest paths between all other nodes that a given node lies on, and so can be viewed as a metric of brokerage or the extent to which a node bridges distinct parts of the network. Finally, eigenvector centrality gives greater prominence to a node the more it is connected to other highly prominent nodes. Accordingly, it can be viewed as a ranked metric of influence.
Additionally, we investigated structural features at the network-level, including density, diameter, and average path length. Within a network, density measures the proportion of actual connections between nodes to all possible connections and so can be viewed as a measure of the extent to which all members of a network are connected to each other (Wasserman, 1994) . Diameter measures the maximum eccentricity of any node in a network; that is, the maximum distance between any two nodes. Finally, average path length measures the average number of steps along the shortest paths for all possible pairs of network nodes.
For the statistical analysis of networks, ERGMs were used to reveal a variety of network statistics and investigate network formation processes. In particular, we aimed to investigate the effects of reciprocity, popularity, and transitivity. As a network statistic, reciprocity represents the tendency of students to form mutual ties and group together . In the context of our datasets and tie definitions, this would indicate whether or not students tend to continue interaction with their peers who replied to their posts. As this metric represents directed loops of length two, it only applies in the case of reply-based networks (that is, networks with directed edges). Popularity was modelled by the geometrically weighted degree distribution (gwidegree and gwodegree in reply-based networks; gwdegree in co-participation-based networks, which have undirected edges). Gwidegree is a statistic that geometrically discounts the value of incoming ties when the indegrees are summed in the statistic or, more intuitively, captures a popularity effect. Gwodegree considers the number of ties an individual sends in the network, and captures structures that result from highly active nodes. Transitivity refers to the extent to which the relation that ties two connected nodes in a network is transitive: that is, the extent to which the friend of my friend is also my friend. This statistic is represented by the geometrically weighted edgewise shared partner distribution (gwesp).
For each of the networks we consider a variety of models. In the case of reply-based networks (Direct Reply, Star Reply, Direct Star Reply), we examined a model for each of our statistics of interest (reciprocity, gwidegree, gwodegree, and gwesp). Similarly, for co-participation-based networks (Total Co-presence, Limited Co-presence, Moving Window 5, 4, 3, and 2), we examined a model for each of our statistics of interest (gwdegree and gwesp). Models were then analyzed on the basis of goodness-of-fit statistics. Networks were extracted using the ergm 3.8.0 (Hunter, Handcock, Butts, Goodreau, & Morris, 2008 ) R package.
Regression Analysis
To examine the association between academic performance and our node-level measures of centrality, and so answer our second research question, we conducted a regression analysis. In the case of reply-based networks, we examined six metrics and, in the case of co-participation-based networks, which do not distinguish between in-and out-going ties, we examined four. Since our dependent variable, the course outcome, was measured differently in our two datasets, two distinct approaches were required. In the case of ICS, the dependent variable was continuous, so a linear regression model was fitted. By contrast, the CY course outcome was categorical (obtained certificate). Accordingly, multinomial logistic regression, a method that explains the association between a categorical dependent variable and one or more continuous independent variables (Cramer, 2003) , was adopted. To investigate this association, four models were fitted for each dataset. Each model included the dependent variable (course result), one of the centrality measures, and, in order to control for an activity effect, a variable representing an individual's forum post count. Multinomial logistic regressions were performed using the mlogit 0.2-4 R package (Croissant, 2013) . In the case of ICS, the dependent variable was heavily skewed, and all independent variables across both courses appeared to following a power law distribution; they were therefore log transformed.
Results
Networks Formed by Six Tie Definitions
Descriptive statistics for both datasets reveal clear distinctions between reply-based tie definitions and those based on coparticipation. Network centrality metrics were calculated by averaging over the node-level values for each network and centrality type, except for eigenvector centrality. Being more akin to a ranking measure, this network metric was calculated as the sum of differences between each node's eigenvector centrality and the maximum eigenvector centrality, divided by the maximum possible such value.
Reply-based definitions (Direct Reply, Star Reply, and Direct Star Reply) produced networks of striking similarity regarding centrality metrics at both node and network level (Tables 3 and 4) . Regarding co-participation-based definitions, the range of Moving Windows investigated exhibit clear trends across all centrality and network level metrics. As the window size decreased, the number of connections to each was, on average, attenuated, as was the overall density of the network. Furthermore, the distribution of influence across the networks, as measured by eigenvector (network) centrality increased. Compared to the other co-participation-based tie definitions, Total Co-Presence produced dramatically distinct networks in both datasets. By contrast, Limited Co-presence resulted in very similar networks to the Moving Window 3 definition across both courses. 
Statistical Network Properties
In both courses under investigation, the three reply-based tie definitions produced networks with largely consistent statistical properties. Estimated coefficients are presented in Table 5 . Across all reply-based definitions and datasets, gwesp was insignificant, indicating an absence of transitive ties. This consistency across two disparate learning environments is surprising: in the case of ICS, students interact in both the discussion forum and the face-to-face plenary sessions, and accordingly one might expect the derived networks to resemble those emerging from social media, where transitive ties are a sine qua non (Nick, Lee, Cunningham, & Brandes, 2013) . Regarding reply-based networks, the effect of reciprocity was significant in all networks across both courses, except for Star Reply in ICS. Across all tie definitions and courses, the effects of popularity and activity, as measured by gwidegree and gwodegree, were strong, negative, and highly significant, indicating an absence network structures characterized by highly popular or active agents. In the case of co-participation-based networks, results across both courses were consistent in that all of the investigated network processes were predominantly absent, and the baseline model provided the best fit. The only exception to this pattern was for Moving Window 5 and Moving Window 4 in the CY course. Here the derived networks exhibited evidence of transitive ties. In future research, it is worth investigating to what extent this transitivity is induced by selective mixing, as increasing the likelihood of within category ties provides opportunities for completed triangles within categories, especially when groups are small, as the low density in Table 4 indicates (Goodreau et al., 2009 ). 
Centrality and Academic Achievement
Assessing the association between node-level centrality measures, forum activity, and academic outcomes revealed further differences between the tie definitions. In the case of reply-based networks in the ICS dataset (Table 7a) , no centrality metrics exhibited any significant association with course performance. However, for all centrality metrics except for indegree, activity was significantly and positively associated with course performance (albeit with a small coefficient). In the case of co-participation-based networks in the ICS dataset (Tables 7b & 7c) , no centrality metrics except closeness (Total Co-presence) and eigenvector (Moving Window 2) were significant. However, for all tie definitions except for Limited Co-presence (degree), and Moving Windows 4, 3, and 2 (eigenvector), activity was significantly and positively associated with course performance. In the case of Total Co-presence, closeness centrality was significantly and negatively associated with course performance, indicating that as the mean distance between nodes decreased, academic outcomes suffered. However, it should also be noted that these assessments across centrality measures effectively constitute multiple comparisons that have not been controlled for. Given the number of estimated parameters, the occurrence of some significant parameters at the 5% level is likely even under the null hypothesis.
For the CY dataset, in the case of reply-based networks (Table 8a) 6. Discussion
Structural Network Properties
Descriptive statistics (Section 4.1) for both datasets clearly partitioned social ties according to reply-based and coparticipation-based definitions. While these two tie types produced distinct network structures, there remained some notable intra-type variations. In particular, Total Co-presence produced dramatically different networks with high values of degree centrality. This finding, in keeping with Wise et al. (2017) , suggests that Total Co-presence should be used with caution due to the disproportionate influence it assigns to large threads. By contrast, in both datasets Limited Co-presence produced networks comparable to Moving Window, in particular Moving Window 3. There are a number of possible explanations for this similarity, such as the predominance of short threads and associated sub-threads in both datasets (see Table 1 ).
Statistical Network Properties
In addressing our first research question, there is evidence that across different learning contexts and pedagogies, variations in social tie formation mechanisms may produce different statistical properties in the derived networks. In the case of replybased networks, we investigated the propensity of networks to form directed loops of length two (that is, reciprocal ties), a popularity and activity effect (whether or not the degree distribution, affected by popular or active agents, contributes to the likelihood of the observed network, captured by gwidegree and gwodegree), and the extent to which the friend of my friend is also my friend (that is, transitive ties, here captured by gwesp). Across all tie definitions, the results were broadly consistent for our statistics of interest, except for Star Reply in the ICS course, where reciprocal ties were notably absent.
In the case of co-participation-based networks, we investigated the propensity of networks to exhibit a popularity effect (whether or not the degree distribution, affected by popular agents, contributes to the likelihood of the observed network, captured by gwdegree), and the propensity for transitive ties to form (in the case of undirected edges, this represents the average probability that two neighbours of a vertex are themselves nearest neighbours). The co-participation-based tie definitions we investigated produce a number of transitive (closed) triangles within each thread and sub-thread. However, a transitive effect is only identified in the case of Moving Window 5 and 4. The predominance of "NA" values in Tables 6a  and 6b is the result of model degeneracy.
The absence of reciprocal ties in Star Reply (ICS) may in part be explained by both the definition itself, whereby all ties are from responders to a thread starter, and the relatively low student count (on an absolute basis) and thread count of the ICS dataset compared to the CY dataset; since reciprocal ties are not created within Star Reply threads, a larger student and thread count provides greater opportunity for reciprocity to manifest itself. Beyond this exception, the estimated coefficients are broadly consistent on an intra-course basis. While the estimates in CY are quite high, these are in line with those found in existing studies (e.g., Joksimović et al., 2016; Kellogg et al., 2014; Lusher, Koskinen, & Robins, 2012) . As Lusher et al. (2012) have argued, it appears that a strong reciprocal effect may be seen as a defining characteristic of interaction in online social networks in general. Furthermore, Lusher et al. (2012) identified such networks as "self-disclosing," characterized by strong relations between nodes. In these networks, students self-disclose themselves to establish social presence (Cobb, 2009; Richardson, Maeda, Lv, & Caskurlu, 2017) , creating comfortable learning and knowledge sharing environments. However, the low network level cohesion, evidenced by low density, indicates that students commonly interact with smaller groups (Scott, 2017) .
Across all reply-based tie definitions and courses, the effects of popularity and activity (as measured by gwidegree and gwodegree, respectively) were strong, negative, and significant. Such an effect could indicate that within the network, the distribution of popularity and activity were largely homogeneous, rather than being centralized on in-or out-degree. Regarding popularity, this result is consistent with existing studies (e.g., Joksimović et al., 2016; Kellogg et al., 2014; Lusher et al., 2012) . In the case of reply-based CY definitions, where reciprocity and a negative popularity effect were particularly strong, the interpretation is quite intuitive: rather than be concentrated in a few individuals, the high propensity of students to engage with each other on a reciprocal basis distributes the effects of popularity over the population.
Centrality and Academic Achievement
Regarding our second research question, our results indicate that the choice of tie definition can affect the observed association between centrality and academic performance. For instance, for all reply-based networks in the CY dataset, indegree centrality significantly improved the likelihood of obtaining a certificate of distinction. However, for the very same networks, betweenness centrality significantly decreased the likelihood of obtaining a certificate of distinction.
Given these findings, it is important to assess the underlying assumptions that give rise to such inconsistencies. For instance, while in-degree centrality was significantly and positively associated with obtaining a distinction in all CY replybased networks, the relation was reverted in the case of Total Co-presence. This may be because the construct being measured differs between the two definitions. In the case of reply-based networks, in-degree centrality indicates the extent of social prominence. However, in the case of Total Co-presence, degree centrality measures the extent of shared interest. While shared interest increases with thread size, social prominence is diluted, which could account for the contrary associations. Similarly, in the CY dataset, eigenvector centrality rank across all tie definitions (except Star Reply) was significantly associated with obtaining a distinction, but the direction of the association depends upon the tie definition. While this association was positive for most definitions, it was negative for Total and Limited Co-presence. This may be because reply-based and, to a limited extent, Moving Window definitions represent the purposeful, direct exchange of information. Total and Limited Co-presence, by contrast, dilute this effect, place inflated importance on large threads, and so provide limited information for assessing influence. These findings give cause to reiterate the warning provided by Wise et al. (2017) that Total Co-presence and, to a lesser extent, Limited Co-presence should be used with caution.
While our results indicate that the choice of tie definitions can affect observed associations, it is important to emphasize that these comparisons have been made at the overall network level, not for specific individuals. It remains unclear to what extent individual centrality metrics are consistent across definitions. This is an interesting avenue of future research, and is an essential consideration when seeking to identify individuals with certain social status.
Learning and Pedagogical Context
While inconsistent associations between centrality metrics and performance may be in part explained by tie definition, they may also be attributable to differences in learning and pedagogical context. Regarding such contextual factors, the two courses analyzed exhibit important differences. For instance, while ICS is a blended learning environment where students interact both inside and outside the discussion forum, CY is a MOOC where the forum is students' only point of contact. This could result in MOOC interactions being characterized more by Q&A than in-depth discussions. While a content analysis would have to be conducted to ascertain this in our dataset, the literature provides some evidence in favour of such a hypothesis: for instance, found that forums harbour crowds, not communities of learners; networks were fragmented and became increasingly so over the duration of the course. Furthermore, although instructor mediation existed in ICS, no such mediation occurred in CY. Poquet et al. (2017) found that different facilitation strategies mediated a reciprocal effect whereby non-facilitated forums were characterized by direct reciprocal ties. Our findings replicate this result: a reciprocal effect was present across all reply-based tie definitions but was almost three times stronger in the case of CY.
Pedagogy may also have impacted student behaviour: for instance, ICS involved a collaborative problem-solving exercise in the plenary session, which could have led learners to participate differently in the discussion forum. Participation may also be affected by contextual factors. For instance, while students created far more posts in the CY forum, students, on average, posted a similar number of times in each course. However, a small proportion of MOOC users even participated in the forum, let alone consistently; not only did a far greater proportion of ICS participate, but they also had offline connections formed over a far longer course period (13 weeks compared to just five).
While our research questions did not directly address the impact of pedagogy and learning context, such factors likely played an important role and should be explicitly addressed before any conclusions or comparisons can be made between courses. However, our results also point to the importance of selecting an appropriate tie definition for a given research goal. For instance, reply-based tie definitions emphasize the purposeful, directed exchange of information between individuals and the derived networks may be useful for identifying roles or influence within a group. Co-participation-based definitions, such as Total and Limited Co-presence, instead treat all ties within a thread as homogenous and focus on identifying shared interest. Our more novel tie definition, Moving Window, has a number of appropriate applications, depending on the course context and window size. For instance, it may be useful within a collaborative learning context where posts within a thread are strongly related to recent posts within the same thread. However, such a structure is highly idealized: not only do learners not always read discussions chronologically (Hewitt, 2003) , but in an asynchronous, many-to-many discussion forum, messages may refer to several others appearing far earlier in the chain (Gruzd & Haythornthwaite, 2008) . That said, the Moving Window definition emphasizes the temporal structure of threads, a potentially important aspect overlooked by more conventional tie definitions.
Implications
This study investigated the construct validity of a number of social tie definitions. Such ties purport to characterize the relationships formed between individuals on the basis of interactions within an online discussion forum. Structural validity was assessed by comparing the definitions on the basis of the structural and statistical properties of the networks they induced from our datasets. Our tie definitions could be categorized into two types (reply-based relationships and coparticipation-based relationships, respectively) and while we found broadly consistent structural and statistical properties within these two categories, across category comparisons revealed striking differences.
External validity was assessed by investigating how measures of network centrality were associated with academic performance. While we found that increased social centrality was predominantly associated with opportunities and improved academic outcomes for students, there were some notable exceptions including significant, negative associations. This would indicate that external validity cannot be assured, and that the choice of tie definition does matter.
We also assessed the extent to which our findings generalized by conducting our analyses in two distinct learning settings. Regarding the structural properties of networks, we found reply-based tie definitions produced strikingly similar node-level centrality measures, even in spite of the considerable differences in course context and scale. This was not reflected in the case of co-participation-based networks although, in both contexts, Total Co-presence produced vastly inflated figures. Cross-context similarities were also found within the networks' statistical properties: for reply-based tie definitions, both courses exhibited a significant, negative popularity effect counter-balanced by a significant, positive reciprocal effect. Regarding the association between centrality and academic performance, most metrics enjoyed consistent associations. However, there were deviations, particularly Total Co-presence which, compared to other definitions, in some cases exhibited the opposite association. Though, in many cases, our results generalized across the definitions under study, the departures from this consistency indicate that the validity of SNA methods cannot be assured, and researchers should proceed with caution.
Our results lend support to the argument that researchers should be transparent in their choice of tie definition and, moreover, provide justification for their choice. Given the impact that tie definitions can have, it is advised that researchers try a number of different methods to ascertain the extent to which such methodological choices can bias their results. On the basis of this study, we recommend future SNA researchers pursue an exploratory comparison of Total Co-presence with a reply-based definition, as this could produce contrasting results and provide clarity on the internal validity of their chosen methods.
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